Abstract: Recently, neurophysiological findings about social interaction have been investigated widely, and hardware has been developed that can measure multiple subjects' brain activities simultaneously. These hyperscanning studies have enabled us to discover new and important evidences of interbrain interactions. Yet, very little is known about verbal interaction without any visual input. Therefore, we conducted a new hyperscanning study based on verbal, interbrain turn-taking interaction using simultaneous EEG/MEG, which measures rapidly changing brain activities. To establish turn-taking verbal interactions between a pair of subjects, we set up two EEG/MEG systems (19 and 146 channels of EEG and MEG, respectively) located 100 miles apart. Subjects engaged in verbal communication via condenser microphones and magnetic-compatible earphones, and a network time protocol synchronized the two systems. Ten subjects participated in this experiment and performed verbal interaction and noninteraction tasks separately. We found significant oscillations in EEG alpha and MEG alpha/ gamma bands in several brain regions for all subjects. Furthermore, we estimated phase synchronization between two brains using the weighted phase lag index and found statistically significant 
INTRODUCTION
Reciprocal social interaction has played an important role in establishing human relationships throughout our evolution. From a cognitive perspective, social interaction requires several mental actions, including perception, comprehension, information processing, representation, and anticipation, among others. Each person's personality, childhood background, academic ability, retrospective memory, and social status influence such interactions. Many previous studies in sociology and anthropology have attempted to investigate the characteristics of human social interactions [Chartrand and Bargh, 1999] . Recently, even neuroscientists have become interested in social interaction because several brain functions are attributed to social behaviors and interactions [Hari and Kujala, 2009] . Montague et al. [2002] first adopted a hyperscanning technique in a functional magnetic resonance imaging (fMRI) study to investigate neural substrates of human social interactions. They equipped two fMRI systems simultaneously and conducted a simple game task to determine whether it was possible to measure important biological substrates of human social interaction. Since then, fMRI hyperscanning studies have revealed intersubject correlations and synchronization of blood oxygen leveldependent (BOLD) responses in trust games based on multiround economic exchanges [King-Casas et al., 2005; Tomlin et al., 2006] . These studies have allowed brain activations to be estimated in both subjects based on multiple instances. Self-response diminishment during the trust game on the part of people with autism spectrum disorder also has been reported [Chiu et al., 2008] . They commonly found significant changes in the anterior cingulate cortex (ACC), a brain region known well to be associated with decision-making processes [Bush et al., 2002; Kennerley et al., 2006; Rushworth et al., 2007; Sanfey et al., 2003 ]. In addition to ACC, one study [Fliessbach et al., 2007] identified BOLD changes in the ventral striatum during monetary reward tasks, and demonstrated that social interaction affects activation levels in this region. Such cerebral hemodynamic changes also were observed in joint attention [Bilek et al., 2015; Koike et al., 2016; Saito et al., 2010] , gestural [Schippers et al., 2010] , facial [Anders et al., 2011] , and verbal communication [Spiegelhalder et al., 2014] .
Functional near-infrared spectroscopy (fNIRS), an emerging portable imaging technique that measures hemodynamic changes in the brain, has been investigated widely in recent years because it is simple to set up the measurement in hyperscanning studies. To record two subjects simultaneously, a single fNIRS device is split into two; one half of the channels are attached to one subject, and the other half to another. Funane et al. [2011] first measured hemodynamic changes in two subjects simultaneously using prefrontal fNIRS recording during a cooperative task as a form of social process. They attempted to investigate the relationship between subjects' coinstantaneous brain activation using fNIRS hyperscanning and found significant spatiotemporal covariance. Brain activation in the frontal cortex has played a critical role in fNIRS hyperscanning, and neurophysiological evidence from it has been observed in joint n-back [Dommer et al., 2012] , button-press tasks [Cui et al., 2012] , and imitation tasks . To establish a more naturalistic context, face-to-face verbal communication was conducted based on turn-taking conversation [Jiang et al., 2012] . Researchers attached detectors and emitters to the left hemisphere, which plays a major role in language function and processing in mirror neuron systems (MNS) [Rizzolatti and Craighero, 2004; Stephens et al., 2010] . They showed significant neural synchronization in the left inferior frontal cortex during face-to-face dialogue compared to that in no interaction. Increased left frontal neural synchronization also was observed in cooperative singing by comparison to singing or humming alone [Osaka et al., 2015] . In contrast, one study revealed right frontal synchronization in turn-taking cooperation without verbal communication . Recently, several researchers have investigated interbrain neural synchronization during face-to-face economic exchanges [Tang et al., 2016] , cooperative games , and more natural conversation [Nozawa et al., 2016] , and gender effects [Cheng et al., 2015] .
Measuring hemodynamic changes in the brain with fMRI and fNIRS enables researchers to investigate the way in which blood flow is synchronized between two brains; further, because of its high temporal resolution, electroencephalography (EEG) may yield neurophysiological findings related to oscillations and correlates of rapid interaction. The EEG technique is cost-effective and portable; therefore, by comparison to other techniques, it has been the primary method of choice in hyperscanning studies [Babiloni and Astolfi, 2014; Koike et al., 2015] . Babiloni et al. [2006 Babiloni et al. [ , 2007 first designed a hyperscanning EEG paradigm using an Italian card game based on the Prisoner's Dilemma. Reflecting this pioneering experimental design, other researchers have investigated interbrain synchronizations between two or more brains while playing guitar together [Lindenberger et al., 2009; S€ anger et al., 2012 , an iterative Prisoner's Dilemma game , or an Italian card game [Astolfi et al., , 2011 . By applying high-resolution spectral analysis to EEG, a neuromarker referred to as the phi complex of human social coordination was discovered in the right centroparietal cortex during self-paced rhythmic finger movements between with and without vision [Tognoli et al., 2007] . In this study, they found that a pair of oscillatory phi components (phi 1 and phi 2 ) could distinguish between independent and coordinated behaviors in the right centro-parietal area in the 9.2-11.5 Hz spectral range. In addition to self-movement, imitating a partner's hand movements was designed as a social interaction, and the phase synchronization between two subjects who played different roles (model and imitator) reflected a top-down modulation of the different roles [Dumas et al., 2010] . Furthermore, using spectral analysis, anatomical connectivity [Dumas et al., 2012a] and oscillatory distinctions between the two different roles [Dumas et al., 2012b; Delaherche et al., 2015] were observed in the same task.
In general, extracting common oscillations from both subjects is one of the key findings in hyperscanning studies. Therefore, several EEG hyperscanning studies have attempted to identify such oscillations. One major finding is that alpha suppression is observed commonly in interaction tasks, such as a turn-taking game [Liao et al., 2015] , the Rock-Paper-Scissors game [Perry et al., 2011] , joint attention [Lachat et al., 2012] , vision-based motor tasks [Naeem et al., 2012a; Naeem et al., 2012b] , finger tapping [Konvalinka et al., 2014] , and action observation [M enoret et al., 2014] . Previous EEG hyperscanning studies have focused on natural interactions, such as playing a card game and a guitar together, visual interactions, imitating a hand movement, and joint attention. However, these experimental paradigms did not focus on one sensory aspect of interaction. For example, playing a card game requires various mental processes, such as preparation, cognition, decision, and deception, and includes vision and hearing on the part of other persons. Although these experimental designs could resemble natural interactions in real-world situations more closely, it is difficult to extract precise neural signatures from EEG. Furthermore, imitating a hand movement tends to focus largely on hand and finger movements, not on real interactions with a partner. Therefore, it is necessary to design an experimental paradigm for an interaction task that focuses on one sense with little or no distraction.
To the best of our knowledge, only two EEG hyperscanning studies to date have used verbal communication. One was performed using an audio-visual stimulus recorded by speakers [Kuhlen et al., 2012] . In this study, they recorded speakers' stories and played them back to listeners thereafter. They found a correlation in the EEG data between speakers and listeners with a time delay of 12.5 s. The other study was designed such that subjects could see their partner's face [Kawasaki et al., 2013] . The authors designed a more interactive verbal interaction based on alternating speech tasks. Two subjects were instructed to alternate pronouncing the alphabet from "A" to "G," and two types of tasks were designed: human-tohuman and human-to-machine. The authors found oscillations in theta/alpha bands and significant correlations in the left temporal and right centro-parietal areas during both tasks. This study provided considerable evidence of brain synchronization during verbal communication between individuals. However, the effects of viewing a scene during face-to-face conversation were not eliminated completely, and communication with recorded machine voices may generate weak communication. Subjects faced each other during verbal communication, so that responses may have been affected by the partner's emotion or behavior [Kashihara, 2014; Yun, 2013] , while interaction with machines should be designed to represent a more humanlike situation.
More recently, an experimental hardware setup for dual magnetoencephalography (MEG) hyperscanning was developed that uses an online connection [Baess et al., 2012; Zhdanov et al., 2015] . Two MEG systems were installed in a single room [Hirata et al., 2014] . Neural signatures of hand movements were observed in this dual MEG setup by alpha and beta powers [Zhou et al., 2016] , but neurophysiological findings in verbal interaction still were not investigated fully using MEG acquisition.
Therefore, in this work, we designed a turn-taking verbal interaction based on number counting without any visual input, and used simultaneous EEG and MEG measurements to find common oscillations on the part of all subjects and phase synchronization between two subjects. EEG alpha synchronization may yield significant oscillatory changes and phase synchronization in interaction tasks [Konvalinka et al., 2014; Lachat et al., 2012; Liao et al., 2015; Perry et al., 2011; M enoret et al., 2014] . Further, MEG gamma band activity may play a critical role in social interaction [Pavlova et al., 2010] , speech processing [Palva et al., 2002] , and working memory Jokisch and Jensen, 2007] . Simultaneous recording of EEG and MEG-multimodal analysis-may yield complementary information and MEG gamma band activity may provide significant findings that are not revealed using EEG [Ahn et al., 2013] .
MATERIALS AND METHODS

Subjects
Nine males and one female (five pairs, aged 23.9 6 3.3) participated in a turn-taking verbal interaction. All subjects were native Koreans. None was aware of any personal information, such as the names, faces, ages, or personalities of the other subjects before the experiment. Each was assigned to one of two different sites, either the Yonsei Severance Hospital or the Korea Research Institute of Standards and Science. The distance between the two sites is 100 miles by carriageway. All subjects signed a consent form describing the detailed experimental procedure and received approximately $15 per hour for their participation. The purposes of and instructions for the experiment were explained clearly to all the subjects prior to recording. This study was approved by the Institutional Review Board at Gwangju Institute of Science and Technology (20150615-HR-18-02-03).
Recording and Synchronization
All subjects were engaged in the task in two shielded rooms. Magnetic-compatible, custom-built EEG electrodes were attached to the scalp. Brain Products and Biosemi EEG amplifiers were used to record electrical activities for each subject with a 1,024 Hz sampling rate. Nineteen EEG electrodes were attached over the entire scalp (Fp1, Fp2, F3, F4, C3, C4, P3, P4, O1, O2, F7, F8, T3, T4, T5, T6, Fz, Cz, Pz) based on the 10-20 international position system. Common mode sense (CMS) and driven right leg (DRL) electrodes were used for reference and formed a feedback loop to drive the average potential of the subject. This is known as CMS-DRL referencing (www.biosemi.com). Vertical and horizontal EOG were attached around the eyes with two ECGs around the collarbone. Two MEG measurement systems were installed in two different sites, using the 152-sensor, wholehead configuration at a 1,024 Hz sampling rate developed by the Korea Research Institute of Standards and Science [Lee et al., 2009] . The sensors were first-order axial gradiometers with a baseline of 5 cm.
All EEG and MEG data were synchronized by digital signal from the MEG system to EEG acquisition software, and real-time synchronization between the two sites was conducted with a network time protocol (NTP). Once we synchronized a two-system clock using a Windows NTP server, the clock timer initiated the experimental paradigm automatically at a specific time. These triggered the simultaneous display of instruction screens to the two tele-subjects. A "ping" command in Windows computed the latency of the network connection. Prompt commands with a delay of <1 ms were obtained in all experimental cases.
Experimental Procedures
Each subject sat in a magnetically and electrically shielded room and visual instructions were displayed on a screen 100 cm from them. A trial lasted 40 s, including 5 s instruction and break periods before and after the task, as depicted in Figure 1 (top gray box). For the first 5 s, visual instructions appeared on the screen in yellow characters on a black background, and the subjects prepared to perform the given task. After the instruction period, the task period began with a blank black screen that lasted 30 s to eliminate any visual input. The experiment included three tasks: interacting, speaking and listening.
Interacting task
Each subject was instructed to perform turn-taking number counting beginning with the number 1; they counted the numbers consecutively and verbally for only 30 s. One subject (initiator) began by saying the number 1, and the other subject (partner) then spoke the numbers that follow. Rules of the turn-taking task were that each subject could count at most three consecutive numbers during one turn, and a partner could say the following consecutive number followed by the numbers, which the initiator counted during a previous turn. However, the partner could not say the same number as that counted by the initiator. For example, if an initiator counted three consecutive numbers 1-2-3, then a partner must count 4, or 4-5, but could not count 4-5-6. This rule is expected to keep subjects attentive in that the subjects were asked to focus on the task continuously and encourage active interactions during turntaking situation. If they were allowed to say the numbers arbitrarily without this rule, they might say numbers instinctively without regard to numbers that the partner said in a previous turn. Finally, the initiator of the task changed continuously by turns.
Speaking task
Each subject counted numbers without stopping for 30 s, beginning with 1. Subjects could not listen to the voice of their partners and simply spoke alone during this period. This task was designed as a non-interaction/control task. Each subject spoke numbers, but there was no interaction between the two. Listening task Each subject listened naturally to his/her partner's number counting without responding. Subjects were instructed to keep their eyes open while they listened.
Subjects performed the three different tasks repeatedly in a regular sequence. After the task period, there was a 5 s break, during which the subjects stopped counting and prepared for the next instructions. The task consisted of 18 trials (6 trials for each of the 3 tasks) per run, and 5 viable runs were conducted; thus, a total of 90 trials (30 trials per task) was obtained. If a subject made a mistake during the task, the partner was instructed to raise his/her hand to stop the trial until the break period. We excluded such trials from the data analysis.
To deliver the subjects' voices to their partners at each site, we used a condenser microphone that was 31.7 mm high and 41.8 mm wide (ETM-003, Edutige Corporation, Seoul, South Korea). It was located 100 cm from the subjects and recorded their voices clearly. Audition 3.0 (Adobe Systems, San Jose, CA) was used to record the voice with a 44 kHz sampling rate and it was delivered simultaneously to the partner through online communication software. Subjects could listen to the voices of their partners using a magnetic-compatible earphone constructed of sponge and tube. All procedures for the experimental paradigms are shown in Figure 1 .
Data Analysis
Among the three tasks (interacting, speaking, and listening), a comparison was made primarily between interacting and speaking tasks. It is believed that the demands required saying numbers in these two tasks (interacting and speaking) may be quite similar. However, the listening task may require a notably different demand. Thus, the speaking task may be a good control condition as a noninteracting task because subjects simply spoke numbers without interacting with partners. On the other hand, the listening task is not a reasonable control condition because subjects simply listen, which requires no demand. Therefore, trials from the listening task were used to validate our results later and are described in the Discussion.
We inspected all epochs in the EEG data visually, and eliminated trials having abnormal spikes, and those interrupted because of subjects' mistakes. The EEG data were downsampled to 512 Hz, and band-pass filtered from 1 to 50 Hz. Thereafter, logistic infomax independent component analysis (ICA) [Bell and Sejnowski, 1995] was used to remove muscle, eye-related, and heartbeats artifacts. By applying ICA to EEG data, we obtained ICA components and identified that were associated with artifacts by visual inspection of the topographical distribution and power spectral density of each component. Then, artifact components were rejected, which allowed us to obtain artifact-free EEG data. To calculate spectral band power, we calculated the power spectral density (PSD) using Welch's method with the Hanning window. The PSD, which had a 0.5 Hz frequency bin, was calculated for each trial and averaged across trials. Furthermore, to reduce subject variability, it was normalized for each channel by a z-score. All analyses were performed by EEGLAB [Delorme and Makeig, 2004] , FieldTrip [Oostenveld et al., 2010] , and custom-built scripts in MATLAB (Mathworks, Natick, MA). Statistically significant features and channels were extracted with the Wilcoxon-signed rank test with the false discovery rate (FDR) correction for multiple testing [Benjamini and Hochberg, 1995] based on trials. Among all 300 trials per task, 292 and 294 trials were retained after removing the interrupted trials in the interacting and speaking tasks. To compute phase synchronization in EEG sensor space, we adopted a debiased weighted Experimental setup in turn-taking verbal interaction using simultaneous EEG/MEG. Verbal communication between subjects was conducted using a condenser microphone and earphones in an online environment. There are three types of tasks: interacting, speaking, and listening. Interacting: counting numbers in turn from 1 to time limit. Speaking: each subject speaks the numbers alone from 1 to time limit without any listening and visual input. Listening: each subject listens to his/her partner's number counting from 1 to time limit without any response. The distance between the two rooms was 100 miles. [Color figure can be viewed at wileyonlinelibrary.com] phase lag index (WPLI) to minimize the effects of volume conduction and noise from a different region of scalp EEG data [Vinck et al., 2011] . It also was debiased with respect to sample size. Phase synchronizations between each pair of subjects was calculated and averaged across trials after elaborate preprocessing. We calculated the WPLI at each 0.5 Hz frequency bin and averaged these values according to four different spectral bands: theta (4-7 Hz), alpha (8-12 Hz), beta (13-30 Hz), and gamma (31-50 Hz). We constructed surrogate data to obtain statistical significance for functional connectivity. We used the circular block bootstrapping [Politis and Romano, 1992] for dependent EEG data to preserve autocorrelations for statistical test since resampling in the time series can destroy the dependence between successive values in the time series. Block-length for each calculation was selected by the automatic block-length algorithm [Politis and White, 2004] . Each trial was resampled using the circular block bootstrapping with defined block-length. After constructing this surrogate data in this way up to 1,000 times (n 5 1,000), only statistically significant WPLI values were extracted (P < 0.05 with FDR correction). Thus, we obtained symmetric matrices for WPLI and corresponding P values that represented phase synchronization between subjects. Thereafter, we calculated the mean WPLI over subjects and plotted it as a topography that describes seeds of functional connections. The WPLI ranged from 0 (no phase synchronization) to 1 (perfect phase synchronization).
We inspected the entire MEG dataset visually and rejected bad channels. In the MEG acquisition, 6 of 152 sensors were excluded because of technical problems in the acquisition system and abnormal spikes during recording. Thus, we obtained MEG data from 146 sensors. Data from each sensor were transformed computationally from an axial to a planar gradient because a dipole appears as a single local maximum in a sensor just above its location [Gross et al., 2013] . Data with 1,024 Hz were downsampled to 512 Hz and ICA was used to remove artifacts. Analyses of oscillations and phase synchronization in the MEG data followed the same procedure as in the EEG.
Speech Recording
Two condenser microphones were used to record each subject's voice, which was saved simultaneously by software. The number of peak points was estimated using a simple peak point detection algorithm, which indicates the number counted on the part of each subject. The numbers of peak points extracted for all subjects and tasks are tabulated in Table I . As the table shows, the mean of the numbers each subject counted was 11.79 6 1.80, and that of each pair of interacting subjects was 23.53 6 1.81 (summation of numbers counted for each subject) in an average of 30 s of task duration. Similarly, subjects spoke an average of 24.23 6 1.57 numbers alone in the speaking task. There was no significant difference between the two tasks (interacting and speaking tasks) with respect to the number of numbers Mean and standard deviation (in parenthesis) for all conditions and subjects are summarized. Sum: summation of counting numbers from two subjects in interacting task, Avg: average of counting numbers from two subjects in speaking task. Subjects having the same alphabetical character are paired subjects.
r Ahn et al. r r 176 r spoken (P > 0.05). Therefore, we inferred that there was no task-related dependence in this experiment. The representative example depicted in Supporting Information, Figure S1 shows the way in which a pair of subjects interacted in verbal number counting by voice recording and the way in which a subject spoke alone as well.
RESULTS
Oscillations
EEG alpha
To compare EEG oscillations between two tasks (interacting and speaking), we calculated the grand-averaged PSD in the four different bands (theta: 4-7 Hz, alpha: 8-12
Hz, beta: 13-30 Hz, gamma: 31-50 Hz). Statistically significant oscillations among them occurred only in the alpha band. Detailed PSDs for all channels are depicted in Supporting Information, Figure S2 .
We obtained grand-averaged normalized log power as topographical representation for each task ( Fig. 2A,B ). Topographies were obtained by subtracting the baseline for each trial (i.e., 5 s instruction period before the interacting or speaking tasks). Figure 2C indicates the difference in the grand-averaged normalized log power between two tasks, and thus shows which brain regions' alpha oscillations increased or decreased during the turn-taking verbal interaction compared to during the control task. As Fig.  2C shows, the left temporal and right centro-parietal regions demonstrated suppression in the alpha band during the interaction. The small white dots represent electrodes that differed significantly (P < 0.05 with FDR correction).
Furthermore, we investigated the grand-averaged normalized log power corresponding to the time sequence. As mentioned in Materials and Methods section, the entire trial lasted 40 s with a 5 s baseline before tasks, and a 5 s break after the tasks. Figure 2D shows the differences in each 5 s time period (interacting-speaking) for all subjects. At the beginning of the 5 s baseline, subjects simply stared at the instructions and prepared for the turn-taking verbal interaction. This period was calculated as a baseline for the power difference over time. After the 5 s baseline, normalized power differences in the task (interacting-speaking) and break were obtained by subtracting the baseline power. As Fig. 2D shows, the left temporal region became suppressed over time and recovered gradually as the end of the task approached. After the task period, alpha suppression nearly disappeared; thus, power behavior similar to that at 0-5 s was exhibited.
MEG alpha and gamma
We investigated MEG oscillations in the four different bands. We calculated the grand-averaged log power after normalization with a z-score for all 146 sensors after transformation to a planar gradient. Among oscillations in the four different bands, we found significant power changes in the alpha and gamma bands. Figure 3 shows the grandaveraged normalized log power in the alpha band for each task. Fig. 3A ,B represent the topography in the interacting and speaking tasks compared to the baseline period, respectively. As Fig. 3C shows, we found alpha suppression in the left temporal and right centro-parietal regions similar to the EEG alpha suppression. Similarly, Fig. 3D indicates the grand-averaged normalized log power corresponding to the time sequence in the alpha band. Only right centro-parietal alpha suppression appeared until 15 s into the task period. From 15 to 25 s, clear suppression appeared in the left temporal lobe, which nearly disappeared after 25 s. Similar to the EEG alpha suppression, we also found MEG alpha suppression in the left temporal and right centro-parietal regions.
Furthermore, in addition to MEG alpha suppression, we observed clear MEG gamma power changes in the two tasks. Several studies have demonstrated that MEG gamma activity plays a crucial role in identifying the brain functions related to attention or working memory Kaiser et al., 2003] . Similarly, we found MEG gamma band activity in this study, particularly in the lower gamma band (31-50 Hz). Figure 4A ,B represents the topography in the interacting and speaking tasks, respectively. In the interacting task, strong and weak gamma power suppressions were obtained in the right parietal and left temporal regions. In the speaking task, stronger gamma power suppression was observed in the left temporal and frontal regions compared to those in the interacting task. To determine the statistical difference between the two tasks, we evaluated the gamma power difference and statistical significance based on sensors. As shown in Fig. 4C , gamma band activity increased in the left temporal and frontal regions compared to the control task. There was no statistically significant power difference in the EEG gamma band because of huge inherent artifacts and small amplitudes in the EEG data. However, MEG did detect gamma band activity because magnetic fields are distorted less by the skull and scalp than is EEG [Flemming et al., 2005] . In addition, we obtained the MEG gamma log power in a time sequence, as Fig. 4D illustrates. First, 5 s after the task period began, gamma band activity increased slightly in the left temporal and frontal regions compared to the baseline. Thereafter, gamma band activity increased more than in the previous time sequence and decreased gradually near the end of the task period. After the task period, gamma band activity demonstrated patterns similar to those in the baseline.
Interbrain Phase Synchronization
EEG alpha
The ultimate purpose of this study was to determine which brain regions are synchronized between two interacting subjects in specific frequency bands using the EEG/ MEG hyperscanning technique. Therefore, we investigated phase synchronization between two brains using WPLI in the four different spectral bands (theta, alpha, beta, and gamma). Among these frequency bands, we obtained statistically significant phase synchronization only in the alpha band in EEG data. Note that we have not discussed intrabrain (single brain) phase synchronization here because we observed no significant differences between the two tasks. We obtained grand-averaged WPLI between two brains after statistical testing (1,000 surrogate data, P < 0.05 with FDR correction) in the two tasks (Fig. 5) . Each topography of a large head circle indicates phase synchronization between two brains based on 19 EEG channels in the sensor space. For example, the small magenta dot in each topography represents each channel from the initiator (seed); its topographical color map indicates the WPLI with a partner. The left fronto-temporal and right centro-parietal regions showed strong phase synchronization (WPLI > 0.3) between two brains in the interacting task for pair-wise channels, especially at the T3, F7, C4, and P4 channels (Fig. 5A) . Synchronization for pairwise channels indicates that the same brain regions were synchronized simultaneously between two subjects with respect to phase. In addition to pair-wise channels, we found strong phase synchronizations between the left temporal (T3 and F7 channels) and the right centro-parietal (C4 and P4 channels) regions (Fig. 5A) . Clear interbrain phase synchronization was observed in the left frontotemporal region (T3 and F7 channels) at the base of the right centro-parietal (C4 and P4 channels). Interbrain synchronization for non-pair-wise channels indicates that two different brain regions (channels) were synchronized. In summary, we found strong interbrain phase synchronizations in the right centro-parietal (C4 and P4 channels) region (WPLI > 0.3) from the seed of the left frontotemporal region (T3 and F7 channels) in the interacting task. In contrast, we found relatively weak synchronization (Fig. 5B , WPLI < 0.1). These results suggest that two brains are synchronized during turntaking interaction only compared to noninteracting task.
MEG alpha and gamma
As in EEG phase synchronization, we calculated WPLI between two brains in the four different spectral bands (theta, alpha, beta, and gamma) in the MEG data, and extracted interbrain phase synchronization only for all pairs. We note that, similar to EEG, intrabrain phase synchronization is not discussed here. In the MEG data, we found statistically significant phase synchronization in the alpha and gamma bands. We obtained grand-averaged interbrain phase synchronization in the alpha band using WPLI in the interacting task (Fig. 6) . As described in the Materials and Methods section, 6 of the 152 sensors were removed because of technical issues; thus, we plotted the WPLI topography on 146 sensors. Empty space in sensor space indicates the location of the sensors removed. We found that the left fronto-temporal and right centroparietal regions have strong synchronization for pair-wise sensors (Fig. 6 ). In addition, the left fronto-temporal and right parietal regions were synchronized; several other sensors were synchronized weakly with the left parietal region. The right centro-parietal region showed clear phase synchronization with the left fronto-temporal region (WPLI > 0.3). On the other hand, we found relatively weak Figure  S3 .
In the gamma band, we obtained statistically significant interbrain phase synchronization in the left temporal and frontal regions for pair-wise channels during verbal interaction (Fig. 7) . Particularly, left frontal phase synchronization (WPLI > 0.4) was much stronger than in any other regions. Phase synchronization in the left temporal region (WPLI > 0.3) was slightly weaker than that in the left frontal, but still maintained strong synchronization compared to other regions. Similar to the alpha band, we also obtained very weak interbrain synchronization in the speaking task (WPLI < 0.1), as shown in Supporting Information, Figure S4 . This indicated that there was no interaction in the speaking task, although there may have been some intrabrain synchronization in a single subject. We calculated intrabrain (single brain) phase synchronization in both interacting and speaking tasks, and discovered some phase synchronization, but it was not notable.
DISCUSSION
Effects of Subjects' Speaking
During the turn-taking verbal interactions, subjects interacted verbally with their partners; jaw movement during speaking therefore contaminates the signal, causing muscle [Goncharova et al., 2003] . Therefore, we adopted the ICA technique using multichannel EEG and MEG to remove these artifacts. After thorough visual inspection of each ICA component, unusual rapid increases in amplitude in the left and right temporal regions and frontal region also were considered artifacts attributable to jaw movements and eye blinking, respectively, and these components were rejected. As described in Speech Recording, the number of numbers each subject spoke in the interacting task was lower than that in the speaking task (roughly half); therefore, we inferred that this discrepancy may influence spectral power changes between the interacting and speaking tasks. To clarify this potential effect, we inserted a supplementary task, the listening task, as described in Experimental Procedures, and compared its spectral power to that of the other tasks. In the listening task, subjects were instructed simply to listen to their partner's voice without speaking. Figure 8 shows the grand-averaged PSD for the left temporal (T3 channel, Fig. 8A ) and right centroparietal (P4 channel, Fig. 8B ) regions in the interacting, speaking, and listening tasks. As this figure illustrates, the PSD in the listening task had an amplitude similar to that in the speaking task, which decreased more in the interacting task than in the speaking and listening tasks. Thus, we believe that the amount of numbers counted in the interacting task did not differ from that in the speaking task. Furthermore, the differences in oscillations in the left temporal and right centro-parietal regions indicated that there was clear neurophysiological evidence of the interaction task.
EEG Alpha Suppression
Many previous studies have proposed that EEG alpha suppression is a signature of MNS [Frenkel-Toledo et al., 2014; Hobson and Bishop, 2016; Iacoboni and Dapretto, 2006; Oberman et al., 2007; Perry and Bentin, 2009] . Accordingly, several social interaction studies have referred to MNS because experimental paradigms for social interaction also are very similar to the behavior of MNS as coupled dynamics [Hasson and Frith, 2016] . In the field of social interaction in particular, the phi-rhythm in the right centroparietal region, referred to as the phi complex, has been a neuromarker for visual social coordination [Tognoli et al., 2007] . Since then, many studies have found alpha suppression in the right centro-parietal region [Dumas et al., 2010 [Dumas et al., , 2012b Naeem et al., 2012a,b] , but several others found that the brain regions suppressed varied according to the types of interaction paradigms. Some examples are left centroparietal alpha suppression in joint attention tasks [Lachat et al., 2012] , frontal alpha suppression in finger-tapping tasks [Konvalinka et al., 2014] , and central alpha suppression in nonverbal hand movement tasks [M enoret et al., 2014] . In this study, we also found alpha suppression in the centro-parietal region, as shown in Figures 2 and 3 . Further, we identified alpha suppression in the left temporal region, which is consistent with a previous social interaction study that used speech rhythms [Kawasaki et al., 2013] . Kawasaki and his colleagues attempted to identify brain synchronization between subjects in a human-human condition compared to a human-machine condition. They found theta and alpha synchronization and discussed the fact that these activities are related to short-term working memory [Jensen et al., 2002; Kawasaki et al., 2010; Klimesch et al., 2008; Sauseng et al., 2009] . We concur with their findings because short-term working memory plays a major role in turntaking verbal interactions. To perform the turn-taking verbal interaction of number counting with partners perfectly, subjects must concentrate on the numbers their partner's speak and remember them to repeat them correctly. Therefore, the alpha suppression demonstrated in this work supports the significant evidence of previous studies regarding human social interaction.
Hyperscanning MEG Studies
Researchers rarely have used a hyperscanning study with MEG because it is difficult to set up the hardware and synchronize two MEG systems. Baess et al. [2012] first equipped two MEG systems located in two separate sites 5 km apart; this connection was synchronized via the internet, and the researchers thus demonstrated that realtime auditory interaction between two persons is possible. Since then, their research group has succeeded in developing a real-time audio-visual link [Zhdanov et al., 2015] and found neural signatures of hand movements in different social roles [Zhou et al., 2016] . In their study, they found a stronger beta modulation in the occipital region among followers than leaders. This finding suggests that there is a specific role difference in the kinematics between leaders and followers. In addition, Hirata et al. [2014] developed a hyperscanning MEG system in a single room, rather than in two different places; this system allowed two subjects to see the visual scene in real-time. This development has considerable potential in the investigation of interbrain synchronization between subjects, and offers an easier way to conduct various hyperscanning experiments compared to experiments performed in two different locations. These approaches can accelerate the study of hyperscanning MEG, the novel neurophysiological findings of which have played a significant role in neuroimaging studies of social interaction. In our work, we used two custom-built MEG systems developed by the Korea Research Institute of Standards and Science (KRISS) that were located at Yonsei Severance Hospital and KRISS, respectively. Although there is a great distance between the two sites, we verified systemic synchronization carefully through many tests before the experiments were conducted. We expect that this configuration of a tele-MEG system may serve as a stepping-stone to accelerate studies in the field of social interaction.
MEG Gamma Roles in the Left Temporal and Frontal Regions
Many studies have focused on in-depth investigations of gamma oscillations in humans. Human gamma oscillations could be a major key in understanding neuronal processes such as attention and memory Jokisch and Jensen, 2007] . The functional significance of the gamma band also has been found in the motor cortex with hand movement [Cheyne and Ferrari, 2013; Gaetz et al., 2013; Muthukumaraswamy, 2010] , and in the somatosensory cortex with tactile stimulation [Bauer et al., 2006] . Among many other functional roles of the gamma band, speech and auditory processing, including that of language, is one of its dominant functions. Further, neurophysiological evidence of gamma band function has been found in MEG [Basirat et al., 2008; Kaiser et al., 2003; Kingyon et al., 2015; Palva et al., 2002] and ECoG studies [Crone et al., 2001a,b; Pasley et al., 2012; Potes et al., 2014; Towle et al., 2008] . In our study, we found MEG low gamma band oscillations in the left temporal region. In general, the left temporal lobe, especially the left superior temporal gyrus (BA 22) functions typically to support speech perception [Hickok and Poeppel, 2007] . This region is related closely to the conventional Vernicke's area with respect to speech processing Poeppel, 2000, 2004] , and left dominant activations were discovered clearly in neuroanatomical studies conducted several decades ago [D emonet et al., 1992; Price et al., 1996; Zatorre et al., 1992] . Many previous studies have found significant brain activations and correlations in the left temporal region, and we found gamma oscillations in the left temporal region in this study as well.
In addition to gamma oscillations in the left temporal region, we also discovered frontal gamma oscillations during the interactions. Frontal gamma oscillations reflect various types of attention, memory, and task performance [Ahn et al., 2013; Benchenane et al., 2011; Jensen et al., 2007] , and functional correlations between the frontal and temporal regions have been found in speech motor control tasks using ECoG [Kingyon et al., 2015] , although they appeared in the high gamma band (70-150 Hz). These findings, which converged on left-hemisphere and leftlateralization dominance in the primary auditory cortex, are referred to as functional asymmetry [Devlin et al., 2003] and are distinct features in auditory processing. We calculated interbrain synchronization using WPLI in the gamma band and found statistically significant differences between the left temporal and frontal regions. Because the turn-taking verbal interaction performed in this work incorporated both speech processing and working memory, we found correlated brain activations in specific regions related to the task. Most studies in the field of hyperscanning have focused on EEG alpha oscillations [Babiloni and Astolfi, 2014; Koike et al., 2015] because high-frequency brain activities, such as gamma band activity, are sometimes very difficult to extract from EEG data [Muthukumaraswamy, 2013] . In addition, hyperscanning studies using MEG have been undertaken rarely because of the difficulty of recording two MEG systems simultaneously. Therefore, attempting a hyperscanning study in this work using two MEG systems simultaneously was both unique and innovative. In addition, oscillations and synchronization in the MEG gamma band are novel 
Limitations and Future Work
In this study, we proposed a social interaction paradigm using verbal communication alone. Naturally, subjects' verbal output must be recorded for behavioral analysis after the experiment. Similarly, in this work, we recorded the subjects' voices during all trials and analyzed them to identify the number of numbers spoken. However, we could not obtain triggers for each spoken number because of the technical limitations of a simultaneous EEG/MEG system. We used custom-built KRISS MEG and EEG systems for recording, and the experimental paradigm for verbal interaction was performed by software we made as well. This software was able to transmit triggers to MEG and EEG recording software, including predefined triggers and button presses. Unfortunately, it does not include any speech perception techniques for triggering voices; therefore, we recorded voices alone to identify the number of numbers spoken. To resolve this problem, we are now developing an algorithm for speech perception and a strategy to transmit them to recording systems as digital signals. An alternative method is to use software optimized for designing complicated experiments, such as Presentation V R software (Neurobehavioral Systems, Inc., Berkeley, CA, www.neurobs.com). At present, we are testing whether this is feasible for more detailed analyses of verbal interaction.
Studies of social interaction have obtained several roledependent results, such as those of model vs imitator in hand movement tasks [Dumas et al., 2010 [Dumas et al., , 2012a [Dumas et al., , 2012b , leader vs follower in finger-tapping tasks [Konvalinka et al., 2014; Yun et al., 2012] , and in natural discussion [Jiang et al., 2015] . In this work, however, we could not address the effects of role, although the subject who commenced each interaction task changed over trials. Because verbal interaction in our experiment was based on turntaking communication, no subject had a specific role. Therefore, we could not identify any directionality of interbrain synchronization in this work, and determined WPLI instead, which does not represent directionality between two brains. Future work must consider this in as much detail as possible, as role-dependent findings can help us understand social interactions in real-world situations.
Many previous studies have attempted to identify brain connectivity using EEG, MEG, or simultaneous MEG/ EEG, and have proposed novel methods to estimate brain connectivity [Friston, 2011] . To identify appropriate approaches for our EEG and MEG data, we surveyed previous connectivity methods thoroughly and calculated functional connectivity using existing approaches. We believe that effective connectivity based on causal information flow is less meaningful in these tasks because it is difficult to identify each bout of speaking triggered during the interaction task. Thus, we evaluated the functional connectivity only. Among various measures, we were interested in phase synchronization attributable to volume conduction effects in EEG and MEG. The phase-locking value has been used commonly to evaluate the phase synchrony in brain signals [Lachaux et al., 1999] . Furthermore, the phase lag index (PLI) was introduced by minimizing the effects of volume conduction and active reference electrodes [Stam et al., 2007] in EEG robustly. More recently, PLI has been weighted by the magnitude of the imaginary component of the cross-spectrum called WPLI [Vinck et al., 2011] to reduce the effects of uncorrelated noise sources and sample size bias. In this work, we evaluated the phase synchronization for our data based on those methods and found stronger and clearer phase synchronization between two brains using WPLI.
The other limitation is the number of participants required to derive strong conclusions based on the results of this study. Most EEG and MEG studies collect data from 15-20 participants and extract common oscillations; we collected EEG/MEG data from only 10 participants. However, we designed the verbal interaction paradigm first based on tele-EEG/MEG systems, and it was therefore difficult to collect data from many participants because of limitations in technology, labor, and time. Further, we believe that our EEG/MEG data contain less noise compared to those in any other studies because we collected the data in a magnetically and electrically shielded room. Therefore, we believe it was appropriate to extract alpha and gamma oscillations from 10 participants to derive consistent results.
CONCLUSIONS
In this work, we designed a novel turn-taking verbal interaction using hyperscanning EEG/MEG recording. To the best of our knowledge, our hyperscanning study using simultaneous EEG/MEG is the first to identify the oscillations and interbrain phase synchronization involved in turn-taking verbal interactions. Further, most existing hyperscanning studies have not addressed tracing interbrain synchronization in the MEG gamma band because of the difficulty in equipping the hardware of two MEG systems. Here we found statistically significant oscillations and interbrain phase synchronization between two subjects performing an interaction task compared to a control task. We also found gamma oscillations and phase synchronization in MEG data, which we observed first in the turntaking verbal interaction. In conclusion, our proposed approach constitutes a promising tool for in-depth investigations of social interactions in hyperscanning studies.
